The prevalence of excess body weight, commonly measured as body mass index (BMI)X25 kg m À 2 , has increased substantially in many populations worldwide over the past three decades, but the rate of increase has slowed down in some western populations. OBJECTIVE: We address the hypothesis that the slowing down of BMI trend increases in England reflects a majority sub-population resistant to further BMI elevation. DESIGN: Pseudo-panel data derived from annual cross-sectional surveys, the Health Surveys for England (1992)(1993)(1994)(1995)(1996)(1997)(1998)(1999)(2000)(2001)(2002)(2003)(2004)(2005)(2006)(2007)(2008)(2009)(2010). Trends in median BMI values were explored using regression models with splines, and gender-specific mixture model (latent class analysis) were fit to take an account of increasing BMI distribution variance with time and identify hidden subgroups within the population. SUBJECTS: BMI was available for 164 155 adults (men: 76 382; women: 87 773). RESULTS: Until 2001, the age-adjusted yearly increases in median BMI were 0.140 and 0.139 kg m À 2 for men and women, respectively, decreasing thereafter to 0.073 and 0.055 kg m À 2 (differences between time periods, both P-valueso0.0001). The mixture model identified two components-a normal BMI and a high BMI sub-population-the proportions for the latter were 23.5% in men and 33.7% in women. The remaining normal BMI populations were 'resistant' with minimal increases in mean BMI values over time. By age, mean BMI values in the normal BMI sub-population increased greatest between 20 and 34 years for men; for women, the increases were similar throughout age groups (slope differences, Po0.0001). CONCLUSION: In England, recent slowing down of adult BMI trend increases can be explained by two sub-populations-a high BMI sub-population getting 'fatter' and a majority 'resistant' normal BMI sub-population. These findings support a targeted, rather than a population-wide, policy to tackle the determinants of obesity.
INTRODUCTION
Excess body weight, commonly measured as body mass index (BMI)X25 kg m À 2 (overweight) and BMIX30 kg m À 2 (obese), is a major risk factor for mortality and morbidity from cardiovascular disease, 1 type 2 diabetes 2 and incident cancer, 3 causing 3 million deaths each year worldwide 4 and ranked sixth worldwide among leading risk factors for global disease burden. 5 National surveys show that excess body weight has increased over recent decades in many populations across the world. 6 However, some countries have seen a slowing down in the obesity 'epidemic' since the late 1990s. In a review of 22 adult studies, mainly populations from the United States and Europe, Rokholm et al. 7 noted 'stabilisation' of BMI trends in nine populations, including studies from England 8 and the United States. 9, 10 It is unclear why the increasing trends have slowed down, as relevant population-level interventions have not been in place over long enough periods that could explain the observed trends.
The proportion of a population with excess body weight is the product of the number of new cases becoming overweight and obese; and the duration these individuals stay in this state; or drop out of this state due to weight loss or deaths. 7 In the absence of a population-wide intervention that materially alters the duration in an excess body weight state, one might speculate that there may be a position of saturation in which the rate of entry into the excess body weight state approximates the rate of exit from this state ( Figure 1 ). In turn, the rate of entry into the excess body weight state is influenced by the 'resistance' of the normal weight population against becoming obese. Here, we posit a novel hypothesis that the slowing down in the increasing trends in obesity prevalence reflects a resistant normal BMI majority subpopulation, such that the proportion of the population with excess body weight reaches a ceiling.
To date, modelling adult BMI trends has generally used forward extrapolation of historical trend in BMI category proportions. 8, [10] [11] [12] This approach fails to take account of the changing shape with time of the BMI distribution and assumes that BMI increases at a proportional rate within all categories. The net result is that these methods may overestimate BMI projections. 13 As an alternative, 1 we propose using mixture modelling, a technique that enables one to classify, in a data-informed way, individuals' BMI trajectories into a series of groups with different characteristics, and hence BMI can increase at different rates in different categories, that is, the BMI distribution shape or parameterisation changes. The hypothesis suggests that one of these groups represents a majority sub-population resistant to further elevation of BMI.
In the absence of a cohort with repeated BMI measurements to examine changes over time, we infer individual level time trends from series of cross-sections with sufficiently rich observations to characterise subgroups through covariate structures that is, a pseudo panel.
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MATERIALS AND METHODS
Data sources
The Health Surveys for England (HSE), a series of annual cross-sectional surveys between 1992 and 2010, were used to derive pseudo-panel data. The HSE provides information on various aspects of the health of people in England, and has been described in detail elsewhere. 8, 15 The construction of the data set for this analysis is shown in Supplementary Figure S1 . In brief, households were identified using multistage sampling from a comprehensive listing of private households, in a geographically representative manner; all adults in a household were invited for interview. All surveys covered the adult population aged 16 years and above. A new sample of people was invited each year. Socio-demographic information and height and weight measurements were collected using standard procedures by trained interviewers at the homes of participants. A single weight measure to the nearest 100 g was performed using electronic scales after removal of shoes or bulky clothing (participants were not weighed if they were pregnant, unsteady on their feet or chair-bound). Height, to the nearest millimetre, was measured using a portable stadiometer. Previous HSE surveys 16, 17 have reported that the response rates varied across each survey but that about 70% agreed to an interview, and BMI was available from B90% of those interviewed.
Data extraction
The data sets were downloaded from the UK Data Archive. We extracted the core variables of identifier, year, age, validated BMI, together with the following covariates for sensitivity analyses: validated height, smoking status, educational level, social class and household income. The flow diagram and extraction codes are detailed in Supplementary Table S1 .
Baseline characterisation
The analysis was restricted to adults aged 20-74 years (164 166 persons with valid BMI values), a range within which BMI generally rises with age.
Adults under 20 years were excluded as they may not have reached final adult height. Adults aged 75 years and over were excluded as (1) the conflation of lean and fat mass in BMI becomes inconsistent in the elderly with the loss of skeletal muscle as part of aging; and (2) a survivorship bias would otherwise be introduced. Outliers with BMI values o13 kg m À 2 (seven persons) and 470 kg m À 2 (four persons) were excluded. Ethnicity was Caucasian in 92.9% overall and did not vary substantially over time. Changes in baseline continuous variables across years were explored using linear regression models, the b-coefficient reflecting incremental annual changes. Trends in baseline categorical variables were explored using the Cochran-Armitage test (2 Â n tables). In the baseline descriptions, the primary outcome measure was median BMI and variance per year (medians were used rather than means because of the skew in the BMI distribution). We tested the relationship between median BMIs and years using linear regression models with splines (that is, a specific point at which the slope of the regression line is allowed to change abruptly) and explored for an inflection determined iteratively by minimising the residual sum of the squares of the models fitted above and below a variable 'year' cut point.
Mixture modelling
Mixture modelling is a form of cluster analysis used for finding subtypes of related cases (latent classes) from multivariable data-in this case, the response is per year BMI as a continuous variable. Individuals were clustered into a number of discrete latent classes (phenotypes) on the basis of the pattern of BMI values per year. The advantage of using mixture modelling in this context is that it allows the BMI distribution shape (that is, the parameters of median and variance) to change over time by virtue of each class having a different response-time relationship (graphically illustrated in Supplementary Figures S2 and S3) . We explored for a number of different classes per gender and tested for model fits using Akaike's information criterion and Bayesian information criterion. 18 The main model contained two classes for each gender and we termed these high BMI and normal BMI (not to be confused with the predefined classes of the World Health Organisation's BMI categories). A full description of the latent class analyses are detailed in the Supplementary Material p5-8.
Each gender-specific model included age and calendar year. We explored for effects per age bands 20-34 years, 35-49 years, and 50-74 years, reflecting early, middle and late adulthood, respectively. We additionally explored, as sensitivity analyses, the influence on findings of height, smoking status, educational level, social class and household income. Finally, we explored potential implications of models including more than two classes.
RESULTS
Baseline characteristics
A total of 76 382 men and 87 773 women with complete BMI data, aged 20-74 years, were included in the analysis. The genderspecific numbers per year from 1992 to 2010 are shown in Table 1 . Across the study period, there were increases in mean age in men (b-coefficient, b ¼ 0.198, Po0.0001) and women (b ¼ 0.141, Po0.0001). In addition, for men, across the study period, there were increases in mean height (b ¼ 0.041, Po0.0001), percentage of never versus ever smoked (P trend o0.0001) and percentage of participants with higher education or degrees versus other categories (P trend o0.0001). In women, there were increases in mean height (b ¼ 0.030, Po0.0001), percentage of never versus ever smoked (P trend o0.0001), percentage of participants with higher education or degrees versus other categories (P trend o0.0001) and reduction in the percentage with more deprived social classes (IV and V) status versus other classes (I, II and III; P trend o0.0001). 
Susceptible
Obesogenic Environment Figure 1 . Schematic representation of hypothesis. The proportion of a population with excess body weight is the product of the number of new cases becoming overweight and obese (w); and the duration (time) these individuals stay in this state (t); or drop out of this state due to weight loss (l) or death. The study hypothesis is that saturation is reached in the state of excess body weight if the number of deaths decreases and/or the number of individuals losing weight (from excess weight) decreases. In a saturated state, the rate with which the proportion of the population (prevalence) of excess body weight increases will then slow down. Mixture model Given the increasing median BMI values and distribution variances, we had reason to explore the BMI-time relationship as a mixture or variance component model. We tested for 1, 2, 3 and 4 components by gender (see model fit analyses below). The main model, chosen as a trade-off between fit and interpretability, was a two-component model, by gender, with adjustments for age. The graphical representations of these models are shown in Figure 3 . The mixture approach takes account of the skewness in the BMI distribution, such that from here, we report mean levels within components rather than medians. In the main model, we fixed the proportion of the classes across the study period. The two-component model clustered normal and high BMI sub-populations with proportions for high BMI being 23.5% for men and 33.7% for women.
Age-adjusted mean values for the high-BMI cluster increased considerably for men, from 26.9 (95% confidence intervals: 26.2-27.6) kg m There were no interactions between age and year (18 interactive terms for age Â 1993 through age Â 2010 were non-significant). 
Changes in model with age by gender
We further explored changes in mean BMI across the study period in the two-component model by the three age bands. We noted that the mean BMI in the high BMI cluster generally increased with early and middle adulthood, similar in men and women, decreasing in late adulthood, but with no differences between men and women. By contrast, for the normal BMI cluster, mean BMI increased greatest between 20 and 34 years for men; but for women, the increases were steady throughout age groups-these differences were significant (Po0.0001; Figure 4 ).
Sensitivity analyses
We explored for the influence of potential confounding factors on our findings and found that the proportions of height, smoking status, educational level and social class were broadly similar per class across the study period that is, these did not appear to influence trends (plots available from authors). By contrast, for educational status, the fitted proportions of educational status in the assigned high-and normal-BMI classes showed a decreasing proportion of the population with no qualifications, particularly in women. However, these were similar in high-and normal-BMI groups suggesting no influence on the two-component model. Across the study period, there was little variation in the proportions by the above variables year on year, suggesting that the clusters were relatively stable.
Finally, we allowed the proportions in the main model to vary in two yearly cycles, and found the magnitude of variation to be modest (plots available from authors). Two-year cycles were chosen as a trade-off between granularity and having sufficient sample size.
Goodness of fit
We explored the effect of number of classes on model fit, assessed by Akaike's information criterion and Bayesian information criterion. Adding additional classes was more effective in improving model fit (Supplementary Table S2 ), but we did not explore this beyond four components, as this seemed biologically implausible. Models of 3 and 4 components in men were unstable (that is, wide variation year on year) and not considered further. However, in women, an interesting set of clusters emerged: in the three-component model, there was a third subpopulation, which 'migrate' from the normal BMI class to the high BMI class over the study period; the four-component model is similar to the three-component model, with an additional subpopulation (25%) where the BMI is essentially flat-a 'fully resistant' population (Supplementary Figure S4) .
DISCUSSION
Summary of main findings
In this secular modelling study of panel data from the HSE survey, we found gender-specific median BMI values increased steadily from 1992 to 2001, and then these increases slowed down between 2001 and 2010 but did not plateau. These trends can be described in a variance model of at least two componentsconsistent with a hypothesis of a high BMI sub-population getting 'fatter'; and the slowing down of trend increases being explained by a majority proportion-'resistant' normal BMI population. The secondary finding was a gender-specific pattern to increases in the normal BMI population with increasing age (increases occurring earlier in men compared with women).
In the high BMI sub-population, we noted incremental increases per annum in BMI between 0.17 and 0.30 kg m À 2 in men and between 0.10 and 0.24 kg m À 2 in women. These equate to between 0.60 and 1.02 kg per year and 0.27 and 0.62 kg per year increases in an average male (height ¼ 1.83 m) and female (height ¼ 1.63 m). By contrast, the incremental increases in weight in the normal BMI population were only 0.16 and 0.08 kg per year, respectively, for men and women.
Strengths and limitations
The present study has several strengths. First, to our knowledge, this is the first study to address BMI trends using mixture modelling, which takes account of clinical diversity within the population within the BMI distribution over time and overcomes the limitations of crude linear modelling of BMI proportions or means. The preference for modelling the shape of the BMI distribution (rather than BMI categories) has recently been emphasised by others. 19 Second, the HSE is a high-quality data source in which height and weight (to derive BMI) were measured by trained researchers using standardised methods self-reported body weight underestimates true body weight, with the degree of misclassification increasing with age and weight. 20 Third, BMI was determined annually over 19 years across the whole adult age range, contrasting, for instance, with cohort studies for example, National Institute of Health American Association for Retired Persons, 21 Iowa Women's Study 22 and US Health Professionals Study, 23 where adult BMI has been determined from weight estimates collected retrospectively at specific age points (with risk of recall bias) 24 or longitudinal prospective cohorts where BMI is only periodically measured for example, Whitehall II. 25 Fourth, we included several covariates in our model and tested various assumptions of the model through sensitivity analyses, and found no material influence to our results.
There are some study limitations. First, the average response rate for BMI data is B63% of total such that response bias is a consideration. We tested for this in those who agreed to be interviewed and found no clear evidence of bias (Supplementary Material p11). Second, the modelling is based on panel data of different individuals per year, and thus does not represent a true longitudinal cohort. However, we undertook a variety of sensitivity analyses to test the 'stability' of the panel data (for example, changes in heights in the discovered model classes) and found our results to be consistent. Third, in general, the prevalence of obesity shows significant variation by ethnicity-we were unable to resolve the effects of ethnicity in our pseudo panel because of the very small proportion of non-Caucasians. Fourth, we were aware that levels of physical activity reported in the surveys varied with time, in an age-dependent manner, 26 but were unable to include this as a covariate in our model, as the relevant data were not captured in all years. Finally, we cannot exclude that some of the slowing down of trend increases is attributable to public health interventions and/or secular trends in lifestyle. In the United Kingdom in 2007, the Government investigated how society might tackle rising levels of obesity in the long term 27 the resulting limited and delayed interventions are unlikely to have affected our data.
Findings in the context of other studies
The main finding of a slowing down of trend increases in median BMI values since 2001 is consistent with recent reports from other countries including Sweden, 28 Switzerland 29 and Spain. 30 However, increasing trends are still present in several recent surveys from Canada, Iran, Malaysia, Germany, Norway and Denmark. 31 Two other studies have reported recent obesity trends in England using the HSE. 8, 12 Howel et al. 8 reported on trends from 1991 to 2006 using an APC modelling approach, and although it reported a slowing down in the rates of increase, a specific time point change was not determined. As part of the Obesity Foresight initiative, 12 an analysis of trends (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) ) predicted patterns in 2012, and considered models in which the rate of change increased, decreased or stayed the same, and reported that a model in which the rate was accelerating was marginally the best fit, which is not reflected in the present analysis.
BMI values increase with increasing age (up to approximately age 70 years), even among the 'normal' BMI population. We noted that the pattern of increase in mean BMI in the modelled 'normal' BMI class differed for men compared with women-the increases being earlier in men. This was similarly seen in the paper by Howel 8 in the overweight population, and was also noted in the National Institute of Health AARP cohort (based on retrospective collection of BMI data at age 18, 35 and 50 years). 32 Mean BMI values in the 'high' BMI sub-population tend to decline after age 55 years, probably reflecting reduced survivorship in this subpopulation after this age.
Implications
The underlying determinants of a shifting BMI distribution are inarguably complex. 33 Within this complexity, there are likely to be differential levels of susceptibility. We show that there are at least two classes of susceptibility. Our observations are consistent with a hypothesis that there is a high BMI sub-population getting 'fatter'-the slowing down of trend increases being explained by a constant proportion-'resistant' normal BMI sub-population. The discrimination between the BMI resistance classes is present in all age groups but greatest in middle life and least in the elderly. Importantly, the findings of this study have implications for policy decision making, pointing towards a targeted, rather than a population-wide, approach to tackle the determinants of obesity.
Future research Future public health strategies need to take account of the existing slowing down in adult BMI trend increases in the assessment of their effectiveness. The presented mixture modelling offers a framework in which to model such changes. The present study found that the rates of increase in median BMI are slowing down in England at all ages. It is important that these are confirmed when more recent data become available. In addition, these findings should not be the cause for complacency, as obesity and overweight are prevalent and remain at a level that will confer a substantial burden of disease.
